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Abstract

LiDAR-based 3D point cloud recognition has benefited
various applications. Without specially considering the Li-
DAR point distribution, most current methods suffer from
information disconnection and limited receptive field, es-
pecially for the sparse distant points. In this work, we
study the varying-sparsity distribution of LiDAR points and
present SphereFormer to directly aggregate information
from dense close points to the sparse distant ones. We de-
sign radial window self-attention that partitions the space
into multiple non-overlapping narrow and long windows.
It overcomes the disconnection issue and enlarges the re-
ceptive field smoothly and dramatically, which significantly
boosts the performance of sparse distant points. Moreover,
to fit the narrow and long windows, we propose exponen-
tial splitting to yield fine-grained position encoding and
dynamic feature selection to increase model representation
ability. Notably, our method ranks 1°' on both nuScenes and
SemanticKITTI semantic segmentation benchmarks with
81.9% and 74.8% mloU, respectively. Also, we achieve
the 3" place on nuScenes object detection benchmark with
72.8% NDS and 68.5% mAP. Code is available at hitps:
// github.com/dvlab-research/SphereFormer. git.

1. Introduction

Nowadays, point clouds can be easily collected by Li-
DAR sensors. They are extensively used in various indus-
trial applications, such as autonomous driving and robotics.
In contrast to 2D images where pixels are arranged densely
and regularly, LiDAR point clouds possess the varying-
sparsity property — points near the LiDAR are quite dense,
while points far away from the sensor are much sparser, as
shown in Fig. 2 (a).

However, most existing work [12, 13,24,25,55,70-72]
does not specially consider the the varying-sparsity point
distribution of outdoor LiDAR point clouds. They inherit
from 2D CNNs or 3D indoor scenarios, and conduct local
operators (e.g., SparseConv [24, 25]) uniformly for all lo-
cations. This causes inferior results for the sparse distant
points. As shown in Fig. 1, although decent performance
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Figure 1. Semantic segmentation performance on nuScenes val set
for points at different distances.

is yielded for the dense close points, it is difficult for these
methods to deal with the sparse distant points optimally.

We note that the root cause lies in limited receptive field.
For sparse distant points, there are few surrounding neigh-
bors. This not only results in inconclusive features, but also
hinders enlarging receptive field due to information discon-
nection. To verify this finding, we visualize the Effective
Receptive Field (ERF) [40] of the given feature (shown with
the yellow star) in Fig. 2 (d). The ERF cannot be expanded
due to disconnection, which is caused by the extreme spar-
sity of the distant car.

Although window self-attention [22, 30], dilated self-
attention [42], and large-kernel CNN [10] have been pro-
posed to conquer the limited receptive field, these methods
do not specially deal with LiDAR point distribution, and re-
main to enlarge receptive field by stacking local operators
as before, leaving the information disconnection issue still
unsolved. As shown in Fig. 1, the method of cubic self-
attention brings a limited improvement.

In this paper, we take a new direction to aggregate long-
range information directly in a single operator to suit the
varying-sparsity point distribution. We propose the module
of SphereFormer to perceive useful information from points
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Figure 2. Effective Receptive Field (ERF) of SparseConv and ours. (a) LiDAR point cloud. (b) Radial window partition. Only a single
radial window is shown. Points inside the window are marked in red. (c) Zoom-in sparse distant points. A sparse car is circled in yellow.
(d) ERF of SparseConv, given the point of interest (with yellow star). White and red denote high contribution. (e) ERF of ours.

50+ meters away and yield large receptive field for feature
extraction. Specifically, we represent the 3D space using
spherical coordinates (7, 8, ¢) with the sensor being the ori-
gin, and partition the scene into multiple non-overlapping
windows. Unlike the cubic window shape, we design radial
windows that are long and narrow. They are obtained by
partitioning only along the # and ¢ axis, as shown in Fig. 2
(b). It is noteworthy that we make it a plugin module to
conveniently insert into existing mainstream backbones.

The proposed module does not rely on stacking local op-
erators to expand receptive field, thus avoiding the discon-
nection issue, as shown in Fig. 2 (e). Also, it facilitates
the sparse distant points to aggregate information from the
dense-point region, which is often semantically rich. So,
the performance of the distant points can be improved sig-
nificantly (i.e., +17.1% mloU) as illustrated in Fig. 1.

Moreover, to fit the long and narrow radial windows, we
propose exponential splitting to obtain fine-grained relative
position encoding. The radius r of a radial window can
be over 50 meters, which causes large splitting intervals.
It thus results in coarse position encoding when converting
relative positions into integer indices. Besides, to let points
at varying locations treat local and global information dif-
ferently, we propose dynamic feature selection to make fur-
ther improvements.

In total, our contribution is three-fold.

* We propose SphereFormer to directly aggregate long-
range information from dense-point region. It in-
creases the receptive field smoothly and helps improve

the performance of sparse distant points.

* To accommodate the radial windows, we develop ex-
ponential splitting for relative position encoding. Our
dynamic feature selection further boosts performance.

* Our method achieves new state-of-the-art results on
multiple benchmarks of both semantic segmentation
and object detection tasks.

2. Related Work
2.1. LiDAR-based 3D Recognition

Semantic Segmentation. Segmentation [0, 14,15,31,32,
34,49, 59-61, 83] is a fundamental task for vision per-
ception. Approaches for LiDAR-based semantic segmen-
tation can be roughly grouped into three categories, i.e.,
view-based, point-based, and voxel-based methods. View-
based methods either transform the LiDAR point cloud into
a range view [3, 43, 46, 68, 69], or use a bird-eye view
(BEV) [80] for a 2D network to perform feature extraction.
3D geometric information is simplified.

Point-based methods [28,30,44,45,56,58,73] adopt the
point features and positions as inputs, and design abundant
operators to aggregate information from neighbors. More-
over, the voxel-based solutions [13, 24, 25] divide the 3D
space into regular voxels and then apply sparse convolu-
tions. Further, methods of [12,17,29,37,55,71,89] propose
various structures for improved effectiveness. All of them
focus on capturing local information. We follow this line
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of research, and propose to directly aggregate long-range
information.

Recently, RPVNet [70] combines the three modalities
by feature fusion. Furthermore, 2DPASS [72] incorporates
2D images during training, and [48] fuses multi-modal fea-
tures. Despite extra 2D information, the performance of
these methods still lags behind compared to ours.

Object Detection. 3D object detection frameworks can
be roughly categorized into single-stage [I1, 26, 36, 76,

, 85] and two-stage [19, 41, 50, 51] methods. Voxel-
Net [86] extracts voxel features by PointNet [44] and ap-
plies RPN [47] to obtain the proposals. SECOND [74]
is efficient thanks to the accelerated sparse convolutions.
VoTr [42] applies cubic window attention to voxels. Li-
DARMultiNet [78] unifies semantic segmentation, panop-
tic segmentation, and object detection into a single multi-
task network with multiple types of supervision. Our ex-
periments are based on CenterPoint [79], which is a widely
used anchor-free framework. It is effective and efficient.
Also, [65] is proposed to improve the distance objects. With
similar goal, we aim to enhance the features of sparse dis-
tant points, and our proposed module can be conveniently
inserted into existing frameworks.

2.2. Vision Transformer

Recently, Transformer [64] become popular in various
2D image understanding tasks [5, 16,20,21, 38,42, 54,62,

,00,07,75,81,88]. ViT [21] tokenizes every image patch
and adopts a Transformer encoder to extract features. Fur-
ther, PVT [67] presents a hierarchical structure to obtain a
feature pyramid for dense prediction. It also proposes Spa-
tial Reduction Attention to save memory. Also, Swin Trans-
former [38] uses window-based attention and proposes the
shifted window operation in the successive Transformer
block. Moreover, methods of [16, 20, 75] propose differ-
ent designs to incorporate long-range dependencies. There
are also methods [22,30,42,53,82] that apply Transformer
into 3D vision. Few of them consider the point distribution
of LiDAR point cloud. In our work, we utilize the varying-
sparsity property, and design radial window self-attention
to capture long-range information, especially for the sparse
distant points.

3. Our Method

In this section, we first elaborate on radial window par-
tition in Sec. 3.1. Then, we propose the improved position
encoding and dynamic feature selection in Sec. 3.2 and 3.3.

3.1. Spherical Transformer

To model the long-range dependency, we adopt the
window-attention [38] paradigm. However, unlike the cu-
bic window attention [22, 30,42], we take advantage of the

Cubic Window

Radial Window

Figure 3. Cubic vs. Radial window partition. The radial win-
dow can directly harvest information from the dense-point region,
especially for the sparse distant points.

varying-sparsity property of LIDAR point cloud and present
the SphereFormer module, as shown in Fig. 3.

Radial Window Partition. Specifically, we represent Li-
DAR point clouds using the spherical coordinate system
(r,0, ¢) with the LiDAR sensor being the origin. We parti-
tion the 3D space along the § and ¢ axis. We, thus, obtain a
number of non-overlapping radial windows with a long and
narrow “pyramid’ shape, as shown in Fig. 3. We obtain the
window index for the token at (r;, 6;, ¢;) as
0 bi
AGJ’ LA¢
where Af and A¢ denote the window size corresponding
to the 6 and ¢ dimension, respectively.

Tokens with the same window index would be assigned
to the same window. The multi-head self-attention [64] is
conducted within each window independently as follows.

win_index; = (|

s ey

q=f- Wy, k=f-Wy, v=f W, )
where f € R™*¢ denotes the input features of a window,
Wy, Wi, W, € R*¢ are the linear projection weights,
and q, 12,\7' € R™*¢ are the projected features. Then,
we split the projected features q, k, ¥ into h heads (i.e.,
R™* (")) " and reshape them as q,k,v € R"*"*d  For
each head, we perform dot product and weighted sum as

attn;, = softmax(qy, - kg), 3)

z, = attng - vy, 4)

where qi, ki, vi, € R™*? denote the features of the k-th
head, and attn; € R™ " is the corresponding attention
weight. Finally, we concatenate the features from all heads

and apply the final linear projection with weight W ,,..; €
R¢*¢ to yield the output z € R"™*¢ as

z = concat({zo, 21, ..., Z2p—1})- 5)
zZ=12-" Wproj- (6)

SphereFormer serves as a plugin module and can be con-
veniently inserted into existing mainstream models, e.g.,
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Figure 4. Comparison between (a) uniform splitting and (b) expo-
nential splitting. The query is at the leftmost point.

SparseConvNet [24,25], MinkowskiNet [ 3], local window
self-attention [22,30,42]. In this paper, we find that insert-
ing it into the end of each stage works well, and the network
structure is given in the supplementary material. The result-
ing model can be applied to various downstream tasks, such
as semantic segmentation and object detection, with strong
performance as produced in experiments.

SphereFormer is effective for the sparse distant points
to get long-range information from the dense-point region.
Therefore, the sparse distant points overcome the discon-
nection issue, and increase the effective receptive field.

Comparison with Cylinder3D. Although both Cylin-
der3D [89] and ours use polar or spherical coordinates to
match LiDAR point distribution, there are two essential dif-
ferences yet. First, Cylinder3D aims at a more balanced
point distribution, while our target is to enlarge the recep-
tive field smoothly and enable the sparse distant points to
directly aggregate long-range information from the dense-
point region. Second, what Cylinder3D does is replace the
cubic voxel shape with the fan-shaped one. It remains to
use local neighbors as before and still suffers from limited
receptive field for the sparse distant points. Nevertheless,
our method changes the way we find neighbors in a single
operator (i.e., self-attention) and it is not limited to local
neighbors. It thus avoids information separation between
near and far objects and connects them in a natural way.

3.2. Position Encoding

For the 3D point cloud network, the input features have
already incorporated the absolute xyz position. Therefore,
there is no need to apply absolute position encoding. Also,
we notice that Stratified Transformer [30] develops the con-
textual relative position encoding. It splits a relative po-
sition into several discrete parts uniformly, which converts
the continuous relative positions into integers to index the
positional embedding tables.

This method works well with local cubic windows. But
in our case, the radial window is narrow and long, and its
radius r can take even more than 50 meters, which could
cause large intervals during discretization and thus coarse-

grained positional encoding. As shown in Fig. 4 (a), be-
cause of the large interval, key; and keys correspond to the
same index. But there is still a considerable distance be-
tween them.

Exponential Splitting. Specifically, since the r dimen-
sion covers long distances, we propose exponential split-
ting for the r dimension as shown in Fig. 4 (b). The split-
ting interval grows exponentially when the index increases.
In this way, the intervals near the query are much smaller,
and the key; and keys can be assigned to different posi-
tion encodings. Meanwhile, we remain to adopt the uni-
form splitting for the 6 and ¢ dimensions. In notation,
we have a query token ¢; and a key token k;. Their rel-
ative position (r;;,8;;, ¢i;) is converted into integer index

(idx};, idx{;, idx{;) as

— max(0, [logs( 72” )]) —1 ri; <0
idx:j = 0 ri; =0 ,
max(0, [logy(“2)1) rij >0
0. iy
oy = | 29| s, = [P0,
7 intevaly v inteval,

, L
idx® = idx” + 5 TE {r, 0,4},

where a is a hyper-parameter to control the starting splitting
interval, and L is the length of the positional embedding
tables. Note that we also add the indices with % to make
sure they are non-negative.

The above indices (idx:ﬁidxfj,idxfz-) are then used
to index their positional embedding tables t,,tg,ty €
REx(hxd) to find the corresponding position encoding
Pij pfj, pfj € R"¥4, respectively. Then, we sum them up
to yield the resultant positional encoding p € R"*¢, which
then performs dot product with the features of ¢; and k;,
respectively. The original Eq. (3) is updated to

P =Pj; +p?j +p?j’
. _ T T
pOS,blaSk,i’j = 4k, ' Pk + kk,]‘ “Pgs

attn;, = softmax(qy, - kg + pos_bias;),

where pos_bias € R"*"*" is the positional bias to the
attention weight, q ; € R< means the the k-th head of the
i-th query feature, and p;, € R? is the k-th head of the
position encoding p.

The exponential splitting strategy provides smaller split-
ting intervals for near token pairs and larger intervals for
distant ones. This operation enables a fine-grained posi-
tion representation between near token pairs, and still main-
tains the same number of intervals in the meanwhile. Even
though the splitting intervals become larger for distant token
pairs, this solution actually works well since distant token
pairs require less fine-grained relative position.
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Figure 5. Varying-sparsity property of LiDAR point clouds. The
dense close car is marked with a green circle and the sparse distant
bicycle is marked with a red circle (best viewed in color).

3.3. Dynamic Feature Selection

Point clouds scanned by LiDAR have the varying-
sparsity property — close points are dense and distant
points are much sparser. This property makes points at dif-
ferent locations perceive different amounts of local infor-
mation. For example, as shown in Fig. 5, a point of the car
(circled in green) near the LiDAR is with rich local geomet-
ric information from its dense neighbors, which is already
enough for the model to make a correct prediction — incur-
ring more global contexts might be contrarily detrimental.
However, a point of bicycle (circled in red) far away from
the LiDAR lacks shape information due to the extreme spar-
sity and even occlusion. Then we should supply long-range
contexts as a supplement. This example shows treating all
the query points equally is not optimal. We thus propose
to dynamically select local or global features to address this
issue.

As shown in Fig. 6, for each token, we incorporate not
only the radial contextual information, but also local neigh-
bor communication. Specifically, input features are pro-
jected into query, key and value features as Eq. (2). Then,
the first half of the heads are used for radial window self-
attention, and the remaining ones are used for cubic win-
dow self-attention. After that, these two features are con-
catenated and then linearly projected to the final output z
for feature fusion. It enables different points to dynamically
select local or global features. Formally, the Equations (3-5)
are updated to

attnzadial _ softmax(qzadial B kzadialT),
i;adial — attnzadial . Vzadial
attnf“"® = softmax(q{ % - kiubicT),
iiubic — attl’liubic . vi'u,bic7

« head 0

ol
J

Head fradial
Splitting

Radial Window

fcubic
* head h — 1 L
f f
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Figure 6. Dynamic feature selection. We split the heads to conduct
radial and cubic window self-attention respectively.

radial gradial
0 ) ’

sradial gcubic scubic
2z )7

z = concat({z e 2R B e 2R

. . . cubic

where q§ubic, kgubic yeubic ¢ Rr"Xd denote the query,

key and value features for the k-th head with cubic window
.. ; cubic ., cubic .

partition, and attn§’ic ¢ R™ X denotes the cubic

window attention weight for the k-th head.

4. Experiments

In this section, we first introduce the experimental setting
in Sec. 4.1. Then, we show the semantic segmentation and
object detection results in Sec. 4.2 and 4.3. The ablation
study and visual comparison are shown in Sec. 4.4 and 4.5.
Our code and models will be made publicly available.

4.1. Experimental Setting

Network Architecture. For semantic segmentation, we
adopt the encoder-decoder structure and follow U-Net [49]
to concatenate the fine-grained encoder features in the de-
coder. We follow [89] to use SparseConv [24, 25] as our
baseline model. There are a total of 5 stages whose channel
numbers are [32, 64, 128, 256, 256, and there are two resid-
ual blocks at each stage. Our proposed module is stacked at
the end of each encoding stage. For object detection, we
adopt CenterPoint [79] as our baseline model, where the
backbone possesses 4 stages whose channel numbers are
[16, 32, 64, 128]. Our proposed module is stacked at the end
of the second and third stages. Note that our proposed mod-
ule incurs negligible extra parameters, and more details are
given in the supplementary material.

Datasets. Following previous work, we evaluate methods
on nuScenes [4], SemanticKITTI [3], and Waymo Open
Dataset [52] (WOD) for semantic segmentation. For ob-
ject detection, we evaluate our methods on the nuScenes [4]
dataset. The details of the datasets are given in the supple-
mentary material.

Implementation Details. For semantic segmenta-
tion, we use 4 GeForce RTX 3090 GPUs for training.
We train the models for 50 epochs with AdamW [39]
optimizer and ‘poly’ scheduler where power is set to
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Method mou|l € % & ¥ 2 § & 5 &8 B ¢ E 8 & B35 & & g E
SqueezeSegV2 [68] | 39.7 | 88.6 67.6 458 17.7 737 81.8 13.4 185 179 140 71.8 358 602 20.1 25. 39 41.1 202 263
DarkNet53Seg [3] | 49.9 |91.8 74.6 64.8 27.9 84.1 864 255 245 327 226 783 50.1 640 362 33.6 4.7 550 389 522
RangeNetS3++ [43] | 52.2 | 91.8 752 65.0 27.8 87.4 914 257 25.7 344 230 80.5 55.1 64.6 38.3 388 48 586 47.9 559
3D-MiniNet [|] 558 |91.6 74.5 642 254 894 90.5 285 423 42.1 294 828 60.8 667 478 44.1 145 60.8 48.0 56.6
SqueezeSegV3 [60] | 559 | 917 74.8 634 264 89.0 92.5 29.6 38.7 36.5 33.0 82.0 58.7 654 456 462 20.1 594 49.6 589
PointNet++ [45] 201 |72.0 418 187 56 623 537 09 19 02 02 465 138 300 09 10 00 169 60 89
TangentConv [56] | 40.9 |83.9 639 334 154 834 908 152 2.7 165 121 79.5 493 58.1 23.0 284 8.1 490 358 285
PointASNL [73] 46.8 | 874 743 243 1.8 83.1 879 390 00 251 292 841 522 70.6 342 57.6 00 439 578 369
RandLA-Net [28] | 55.9 [ 90.5 74.0 61.8 245 89.7 942 439 298 322 39.1 838 63.6 68.6 484 474 94 604 51.0 507
KPConv [58] 58.8 1903 727 613 315 90.5 950 334 302 42.5 443 848 692 69.1 61.5 61.6 11.8 642 564 47.4
PolarNet [20] 543 [90.8 744 617 21.7 90.0 93.8 229 403 30.1 28.5 84.0 655 67.8 432 402 56 613 51.8 575
JS3C-Net [71] 66.0 |88.9 72.1 61.9 319 925 958 543 59.3 529 460 845 69.8 679 69.5 654 399 708 60.7 68.7
SPVNAS [55] 67.0 | 902 754 67.6 21.8 91.6 972 566 50.6 50.4 58.0 86.1 734 71.0 674 67.1 503 669 643 67.3
Cylinder3D [£9] 68.9 |922 77.0 650 323 90.7 97.1 50.8 67.6 63.8 58.5 85.6 725 69.8 737 69.2 480 665 624 662
RPVNet [70] 703 [93.4 80.7 703 333 935 976 442 684 68.7 61.1 865 751 71.7 759 744 434 72.1 648 614
(AF2-S3Net[12] | 70.8 |92.0 762 66.8 458 92.5 94.3 402 63.0 81.4 400 78.6 68.0 63.1 764 81.7 777 69.6 640 73.3
PVKD [27] 712 |91.8 709 77.5 41.0 924 97.0 679 693 53.5 602 865 73.8 719 751 73.5 50.5 69.4 649 658
2DPASS [72] 729 |89.7 747 674 400 935 97.0 6.1 63.6 634 615 862 739 71.0 779 81.3 741 729 650 70.4
Ours 748 |91.8 782 697 413 938 975 59.6 70.1 705 67.7 86.7 75.1 724 790 804 753 72.8 668 729

Table 1. Semantic segmentation results on SemanticKITTI test set.
listed.

Methods published before the submission deadline (11/11/2022) are

=
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E 2 z 5 £ %2 3 § % T £ £ & E § »
Method Input | mloU FW mloU | © kS 8 S 15) =) a &2 &2 & 5 5] R% i3] g >
PolarNet [20] L 69.4 87.4 722 168 77.0 86.5 51.1 69.7 648 54.1 69.7 635 96.6 67.1 7777 72.1 87.1 84.5
JS3C-Net [71] L 73.6 88.1 80.1 26.2 87.8 845 552 726 71.3 663 768 712 96.8 645 769 74.1 87.5 86.1
Cylinder3D [89] L 77.2 89.9 82.8 29.8 843 894 63.0 793 772 734 846 69.1 97.7 702 80.3 755 90.4 87.6
AMVNet [35] L 77.3 90.1 80.6 32.0 81.7 889 67.1 843 76.1 735 849 673 975 674 794 755 91.5 887
SPVCNN [55] L 774 89.7 80.0 30.0 919 90.8 64.7 79.0 75.6 709 81.0 74.6 974 69.2 80.0 76.1 89.3 87.1
(AF)2-S3Net [12] L 78.3 88.5 789 522 899 842 774 743 773 72.0 839 738 97.1 665 77.5 740 87.7 86.8
PMF [90] L+C | 77.0 89.0 82.0 40.0 81.0 88.0 64.0 79.0 80.0 76.0 81.0 67.0 97.0 68.0 78.0 74.0 90.0 88.0
2D3DNet [23] L+C | 80.0 90.1 83.0 594 88.0 85.1 63.7 844 820 760 848 719 969 674 79.8 760 92.1 89.2
2DPASS [72] L 80.8 90.1 81.7 553 920 91.8 733 865 785 725 847 755 976 69.1 799 755 90.2 88.0
Ours L 81.9 91.7 83.3 392 947 925 775 842 844 79.1 884 783 979 69.0 81.5 772 93.4 90.2

Table 2. Semantic segmentation results on nuScenes test set. Methods published before the submission deadline (11/11/2022) are listed.

0.9. The learning rate and weight decay are set to
0.006 and 0.01, respectively. Batch size is set to 16 on
nuScenes, and 8 on both SemanticKITTI and Waymo
Open Dataset. The window size is set to [120m, 2°,2°]
for (r,0,¢) on both nuScenes and SemanticKITTI, and
[80m, 1.5°,1.5°] on Waymo Open Dataset. During data
preprocessing, we confine the input scene to the range
from [—51.2m,—51.2m, —4m] to [51.2m,51.2m, 2.4m]
on SemanticKITTI and [—75.2m,—75.2m,—2m] to
[75.2m, 75.2m,4m] on Waymo. Also, we set the voxel
size to 0.1m on both nuScenes and Waymo, and 0.05m on
SemanticKITTL.

For object detection, we adopt the OpenPCDet [57]
codebase and follow the default CenterPoint [79] to set
the training hyper-parameters. We set the window size to
[120m,1.5°,1.5°].

4.2. Semantic Segmentation Results

The results on SemanticKITTI zest set are shown in Ta-
ble 1. Our method yields 74.8% mloU, a new state-of-the-
art result. Compared to the methods based on range im-
ages [43, 68] and Bird-Eye-View (BEV) [80], ours gives a
result with over 20% mloU performance gain. Moreover,
thanks to the capability of directly aggregating long-range
information, our method significantly outperforms the mod-
els based on sparse convolution [12,55,70,71,89]. It is also
notable that our method outperforms 2DPASS [72] that uses
extra 2D images in training by 1.9% mloU.

In Tables 2 and 3, we also show the semantic segmenta-
tion results on nuScenes test and val set, respectively. Our
method consistently outperforms others by a large margin,
and achieves the 1% place on the benchmark. It is intriguing
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RangeNet53++ [13] | 655 | 660 213 772 809 302 668 69.6 521 542 723 941 666 635 701 831 798
PolarNet [50] 710 | 747 282 853 909 351 775 713 588 574 761 965 711 747 740 873 857
Salsanext [ 1] 722 | 748 341 859 884 422 724 722 631 613 765 960 708 712 715 867 844
AMVNet [35] 76.1 | 798 324 822 864 625 819 753 723 835 651 974 670 788 746 90.8 87.9
Cylinder3D [59] 76.1 | 764 403 912 938 513 780 789 649 621 844 968 71.6 764 754 905 874
PVKD [27] 760 | 762 400 902 940 509 774 788 647 620 841 966 714 764 763 903 869
RPVNet [70] 776 | 782 434 927 932 490 857 805 660 669 840 969 735 759 760 90.6 889
Ours 784 | 777 438 945 931 524 869 812 654 734 853 970 734 754 750 910 892
Ourst 795 | 787 467 952 937 540 889 811 680 742 862 972 743 763 758 O9l4 897

Table 3. Semantic segmentation results on nuScenes val set.

¥ denotes using rotation and translation testing-time augmentations.

= é . & %) '% g % S
Pz s f Ea oot E 82 g
] 5 8 9 3 o= S 2 3 B8 B = ! 5L
3] | D —— > o Q > = 1 el = ) Q = 5
2] = el S — =} = on Q =l 3 =
Method mloU|close med. far 5 E 2 % g 3 & 2 E 8 8 3 g 2 2 &£ 32 8 8 8 § %
SparseConv [25]| 66.6 | 67.8 64.1 52.6|94.4 59.8 85.1 37.8 2.2 69.1 89.3 73.4 40.4 74.8 57.3 66.6 75.2 95.5 91.3 67.0 68.1 92.3 41.7 30.1 79.0 75.6
Ours 69.9 | 70.3 68.6 61.9/94.5 61.6 87.7 40.2 0.9 69.7 90.2 73.9 41.8 77.2 65.4 71.9 83.7 95.9 91.7 68.4 69.8 93.3 53.9 47.9 80.8 77.2

Table 4. Semantic segmentation results on Waymo Open Dataset val set.

ID‘RadialWin ExpSplit Dynamic‘close medium  far ‘overall A

I 7879 51.54 13.28] 7521 0.00
il v 7895 57.21 26.67| 7631 +1.10
m v v 79.92 61.09 31.10| 77.60 +2.39
v v v 7951 5894 28.95|77.05 +1.84
\% v v v/ [80.80 60.78 30.38| 78.41 +3.20

Table 5. Ablation study. RadialWin: Radial window shape. Ex-
pSplit: Exponential splitting. Dynamic: Dynamic Feature Selec-
tion. Metric: mloU.

Method ‘ close medium far ‘ overall
Cubic 79.21 54.31 19.31 76.19
Radial 80.80 60.78 30.38 78.41

Table 6. Comparison between radial and cubic window shapes.

1.0°
71.8

1.5°
71.5

2.0°
78.4

2.5°
77.6

window size ‘
mloU (%) |

Table 7. Effect of window size for the 6 and ¢ dimensions.

to note that our method is purely based on LiDAR data, and
it works even better than approaches of [ ] that use
additional 2D information.

Moreover, we demonstrate the semantic segmentation
results on Waymo Open Dataset val set in Table 4. Our
model outperforms the baseline model with a substantial
gap of 3.3% mloU. Also, it is worth noting that our method
achieves a 9.3% mloU performance gain for the far points,
i.e., the sparse distant points.

> s

4.3. Object Detection Results

Our method also achieves strong performance in object
detection. As shown in Table 8, our method outperforms

other published methods on nuScenes test set, and ranks 3™
on the LiDAR-only benchmark. It shows that directly ag-
gregating long-range information is also beneficial for ob-
ject detection. It also manifests the capability of our method
to generalize to instance-level tasks.

4.4. Ablation Study

To testify the effectiveness of each component, we con-
duct an extensive ablation study and list the result in Ta-
ble 5. The Experiment I (Exp. I for short) is our baseline
model of SparseConv. Unless otherwise specified, we train
the models on nuScenes frain set and make evaluations on
nuScenes val set for the ablation study. To comprehensively
reveal the effect, we also report the performance at different
distances, i.e., close (< 20m), medium (> 20m & < 50m),
far (> 50m) distances.

Window Shape. By comparing Experiments I and II in
Table 5, we can conclude that the radial window shape is
beneficial. Further, the improvement stems mainly from
better handling the medium and far points, where we yield
5.67% and 13.39% mloU performance gain, respectively.
This result exactly verifies the benefit of aggregating long-
range information with the radial window shape.

Moreover, we also compare the radial window shape
with the cubic one proposed in [22, 30,42]. As shown in
Table 6, the radial window shape considerably outperforms
the cubic one.

Besides, we investigate the effect of window size as
shown in Table 7. Setting it too small may make it hard to
capture meaningful information, while setting it too large
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Method NDS mAP Car Truck Bus Trailer C.V. Ped. Mot. Byc. T.C. Bar.
PointPillars [33] 45.3 30.5 68.4 23.0 28.2 23.4 4.1 59.7 27.4 1.1 30.8 38.9
3DSSD [77] 56.4 42.6 81.2 47.2 61.4 30.5 12.6 70.2 36.0 8.6 31.1 47.9
CBSG [87] 63.3 52.8 81.1 48.5 54.9 429 10.5 80.1 51.5 22.3 70.9 65.7
CenterPoint [79] 65.5 58.0 84.6 51.0 60.2 53.2 17.5 83.4 53.7 28.7 76.7 70.9
HotSpotNet [8] 66.0 59.3 83.1 50.9 56.4 53.3 23.0 81.3 63.5 36.6 73.0 71.6
CVCNET [7] 66.6 58.2 82.6 49.5 59.4 51.1 16.2 83.0 61.8 38.8 69.7 69.7
TransFusion [2] 70.2 65.5 86.2 56.7 66.3 58.8 28.2 86.1 68.3 44.2 82.0 78.2
Focals Conv [9] 70.0 63.8 86.7 56.3 67.7 59.5 23.8 87.5 64.5 36.3 81.4 74.1
Ours 70.7 65.5 84.9 55.1 66.4 59.3 29.9 86.0 71.4 47.1 79.7 75.2
Ourst 72.8 68.5 85.3 57.9 67.0 59.9 33.7 88.6 76.3 56.4 82.2 78.2

¥ Flipping and rotation testing-time augmentations.

Table 8. Object detection results on nuScenes test set. Methods published before the submission deadline (11/11/2022) are listed.

e

NI/ /f/;_ LN
i g

Input Ground Trutl SparseConv

barrier bicycle . truck

car . driveable surface . manmade

SparseConv Ours

terrain . sidewalk . vegetation

Figure 7. Visual comparison between vanilla SparseConv and ours (best viewed in color and by zoom-in). The brown box is the zoom-in of
the cyan box. The last two columns are the difference maps with the ground truth. More examples are given in the supplementary material.

may increase the optimization difficulty.

Exponential Splitting. Compared to Exp. IV, Exp. V im-
proves with 1.36% more mIoU, which shows the effective-
ness. Moreover, the consistent conclusion could be drawn
from Experiments II and III, where we witness 3.88% and
4.43% more mloU for the medium and far points, respec-
tively. Also, we notice that with exponential splitting, all
the close, medium, and far points are better dealt with.

Dynamic Feature Selection. From the comparison be-
tween Experiments III and V, we note that dynamic feature
selection brings a 0.8% mloU performance gain. Interest-
ingly, we further notice that the gain mainly comes from the
close points, which indicates that the close points may not
rely too much on global information, since the dense local
information is already enough for correct predictions for the
dense close points. It also reveals the fact that points at vary-
ing locations should be treated differently. Moreover, the
comparison between Exp. II and IV leads to consistent con-
clusion. Although the performance of medium and far de-
creases a little, the overall mloU still increases, since their
points number is much than that of the close points.

4.5. Visual Comparison

As shown in Fig. 7, we visually compare the baseline
model (i.e., SparseConv) and ours. It visually indicates that
with our proposed module, more sparse distant objects are
recognized, which are highlighted with cyan boxes. More
examples are given in the supplementary material.

5. Conclusion

We have studied and dealt with varying-sparsity LIDAR
point distribution. We proposed SphereFormer to enable the
sparse distant points to directly aggregate information from
the close ones. We designed radial window self-attention,
which enlarges the receptive field for distant points to inter-
vene with close dense ones. Also, we presented exponential
splitting to yield more detailed position encoding. Dynam-
ically selecting local or global features is also helpful. Our
method demonstrates powerful performance, ranking 1% on
both nuScenes and SemanticKITTI semantic segmentation
benchmarks and achieving the 3" on nuScenes object de-
tection benchmark. It shows a new way to further enhance
3D visual understanding. Our limitations are discussed in
the supplementary material.
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